The aim for a more accurate representation of tropical convection in global circulation models 6 is a long-standing issue. Here, we investigate the relationships between large-and convective 7 scales in observations and a Stochastic Multicloud Model (SMCM) to ultimately support 8 the design of a novel convection parametrization with stochastic elements. Observations of 9 tropical convection obtained at Darwin and Kwajalein are used here. We find that the vari-10 ability of observed tropical convection generally decreases with increasing large-scale forcing, 11 implying a transition from stochastic to more deterministic behaviour with increasing forc-12 ing. Convection shows to yield a more systematic relationship with measures related to 13 large-scale convergence compared to measures related to energetics, e.g. CAPE. Using the 14 observations, we adjust the parameters in the SMCM, force it with the time series of the 15 observed large scale state and compare the simulated convective behaviour to that observed. 16 We find that the SMCM-modelled cloud fields compare better with observations when using 17 predictors related to convergence rather than energetics. Furthermore, the underlying frame-18 work of the SMCM is able to reproduce the observed functional dependencies of convective 19 variability on the imposed large-scale state -an encouraging result on the road towards a 20 novel convection parametrization approach. However, establishing sound cause-and-effect re-21 lationships between tropical convection and the large-scale environment remains problematic 22 and warrants further research. 23 1 1. Introduction 24 Climate projections using general circulation models (GCMs) are the tool of choice when 25 it comes to quantifying the anthropogenic influence on Earth's climate, ultimately answering 26
serious issue, i.e. fractions of tropical congestus, deep convective or stratiform clouds derived 235 from the scanning rain radar compare very well to those derived from a vertically pointing 236 cloud radar (V. Kumar, pers. communication, 2012) . 237 It should be mentioned at this point that the observational data we are comparing the 238 SMCM-simulated cloud fractions to are also subject to uncertainties and give room for 239 interpretation. The most prominent uncertainty is of course the estimation of rain rates from 240 radar echoes, which is not all too straight forward itself, and the subsequent assumption 241 that the area of a particular type of rainfall (derived after Steiner et al. 1995) is equal 242 to the cloud fraction of that particular cloud type. Therefore, this analysis is limited to 243 precipitating clouds only. Also, land surface characteristics of the geographical area covered 244 by the large-scale observational dataset used in this study are far from homogeneous. The 245 CPOL radar at Gunn Point covers both water and land surfaces, with some of the land 246 surface areas being subject to a pronounced convective diurnal cycle which results in some 247 of the deepest convection on the planet (Keenan et al. 1990; Crook 2001) . As these events The evolution of the cloud ensemble as simulated by the SMCM with respect to the 253 large scale atmospheric state is designed to be dependent on two predictors. One parameter 254 is used as a proxy for the environment's potential to develop and sustain convection (C 255 in the following) and the other one is used as a proxy for mid-tropospheric dryness (D in 256 the following). Here, the underlying assumption is that convection is initiated/sustained 257 and hindered/depleted by high values of C and D, respectively. Because we aim to use the 258 SMCM in a diagnostic manner by forcing it with an observed large scale atmospheric state, 259 we have to derive C and D from the available observational data. This requires to adapt the 260 formulas for calculation C and D as given in Khouider et al. (2010) as these are defined to 261 be used for a large scale state given by the simple two-layer model (Majda and Shefter 2001; 262 Khouider and Majda 2006).
263
As mentioned above, C and D are used as proxies for the convective potential of the 264 tropospheric column and mid-tropospheric dryness, respectively. In the original SMCM 265 these quantities are scaled to vary roughly between 0 and 2. For the evaluation of the 266 SMCM, we derive a total of six (instead of just two) forcing predictors. We proceed in this 267 way because there may exist a multitude of possible predictor constellations for adequately 268 describing the dependency of tropical convection on the large scale atmospheric state. 
274
As it has been argued before that CAPE alone may not be a good proxy for characterising 275 the occurrence of tropical convection (e.g. Sherwood 1999), we also define additional versions 276 of C, represented by scaled values of either the ratio of low-level CAPE (LCAPE), i.e. CAPE 277 integrated only to the freezing level, to total CAPE (C rC ), or large scale vertical velocity at 278 500 hPa ω 500 (C ω ):
The choice to investigate the proxies C C and C ω is relatively intuitive and straight forward, The three rightmost columns contain the visually derived "best fitting" transi-818 tion timescales for each of the three convection proxies leading to the modeled 819 equilibrium cloud fractions in Fig. 7 . 35 Table 1 . Transition timescales in [hours] as used in the SMCM. The three leftmost columns contain the transition timescales introduced in previous studies (KBM10,FMK12), yielding the equilibrium deep convective area fraction distributions in Fig. 6 . The three rightmost columns contain the visually derived "best fitting" transition timescales for each of the three convection proxies leading to the modeled equilibrium cloud fractions in Fig. 7 
